Abstract: We present a method to generate Typical Meteorological Year (TMY) data sets for use in calculations of the energy performance of buildings, based on satellite derived solar radiation data and other meteorological parameters obtained from reanalysis products. The great advantage of this method is the availability of data over large geographical regions, giving global coverage for the reanalysis and continental-scale coverage for the solar radiation data, making it possible to generate TMY data for nearly any location, independent of the availability of meteorological measurement stations in the area. The TMY data generated with this method have been validated against 487 meteorological stations in Europe, by calculating heating and cooling degree days, and by running building energy performance simulations using EnergyPlus. Results show that the generated data sets using a long time series perform better than the TMY data generated from station measurements for building heating calculations and nearly as well for cooling calculations, with relative standard deviations remaining below 6% for heating calculations. TMY data constructed using the proposed method yield somewhat larger deviations compared to TMY data constructed from station data. We outline a number of possibilities for further improvement using data sets that will become available in the near future.
Introduction
Climatic data are essential in order to calculate the heating or cooling requirements of new or refurbished buildings. Often these data are used in the form of a Typical Meteorological Year (TMY). The first TMY data set was produced for 248 locations in the United States by Sandia National Laboratories [1] , using long-term weather and solar data collected for the period . In 1994, the TMY data have been updated (as TMY2) by the National Renewable Energy Laboratory (NREL) using data covering the period 1961-1990 [2] . The latest release of TMY3 is based on input data for 1976-2005 [3] .
In Europe, several reference climatic data sets have also been generated, but in a less harmonised way. For instance [4] :
•
In Italy, the climatic data collection "Gianni De Giorgio" (IGDG) (a set of 66 climatic data sets is based on a 1951-1970 period of record) was developed for use in simulating renewable energy technologies.
The Spanish Weather for Energy Calculations (SWEC) were generated to cover all 52 Spanish provincial capitals.
The IMGW weather data set for Poland (Instytut Meteorologii i Gospodarki Wodnej) includes 61 climatic data sets developed by the Polish Ministry of Infrastructure.
The overall availability of TMY data is thus heterogeneous and the geographical distribution varies strongly.
TMY data sets consist of one year of climatic data selected from a long time series of data spanning many years (normally 10 or more). The TMY is constructed by choosing data for each month from different years so that the data for a given month is the most "typical" among the years present in the long-term data set. One way to construct the TMY is described in the International Standard ISO 15927-4 [5] .
Calculating the energy performance of buildings requires a large number of climatic variables. Some of these, such as temperature, pressure and relative humidity, are measured at many sites. Others are rarer, such as global horizontal solar radiation, while some again are measured only at few sites in the world. Illuminance, thermal infrared radiation from the sky or direct normal solar radiation fall into this group. These constraints are evident even in recent works such as that of Kim et al. [6] in which ISO 15927-4 is used to construct TMY data for Korea, but where the number of stations with solar radiation data is much lower than the number of measurement stations providing the more traditional meteorological variables.
Even though some of the necessary parameters (e.g., temperature, pressure, wind speed) are measured at a large number of stations in the world, there are large areas of the world where data coverage is very sparse. In addition, not all these data are freely available, so getting the necessary data for a particular location may be difficult [7] .
In order to deal with missing data, the software packages for energy performance calculations of buildings often have built-in models to estimate the missing parameters. However, it will of course be an advantage if the data are directly available. For instance, Bojanowski et al. [8] found that models of solar radiation have lower accuracy than satellite-based solar radiation products.
In recent years, a number of data sets have become freely available that estimate solar radiation from satellite data [9] [10] [11] [12] . Using images from geostationary satellites, these data sets provide solar radiation values with a spatial resolution of a few km and hourly temporal resolution (sometimes even higher). In this way, solar radiation data are now available at any location over large geographical areas for long time periods (up to 30 years at present in some areas [12] ).
Climatic data can now also be obtained at a global scale from a number of reanalysis data sets, which use computational meteorological forecast models to recalculate the weather forecast output corrected with data from meteorological stations. These data sets typically have high temporal resolution (1-3 h) and contain long time series, but generally the spatial resolution is quite low. For the ERA-interim data set [13] of the European Centre for Medium-Range Weather Forecast (ECMWF) [14] , the resolution is 0.75 • in latitude and longitude (about 80 km). NASA's MERRA-2 [15] reanalysis uses a spatial resolution of 0.5 • × 0.66 • . These data sets contain all the usual climatic parameters measured at meteorological stations and in addition a large number of parameters, including incoming solar radiation and downwelling thermal infrared radiation, which are useful for building energy performance studies.
The widespread availability of these data makes it worthwhile to investigate whether they can be used as input to building energy performance studies. Here, we will present a method to generate TMY data from satellite-based solar radiation data and reanalysis climate data. The method has been validated against data from meteorological stations in Europe.
The advantages of this new method are twofold: it provides data at any location over large geographical areas, including regions with only few or no measurements at all. In addition, it provides solar radiation data that are normally difficult to obtain.
The paper is organized as follows: Section 2 describes the data used to construct TMY data sets, either from reanalysis data or from ground station measurements. Section 3 presents the criteria used to select ground stations and methods for reconstructing missing data values. Section 4 describes the validation that has been performed to assess the quality of the reanalysis-based TMY data sets. Finally, we present conclusions and future work in Section 5.
The methods described in this paper have been implemented as a web application and web service, available here:
http://re.jrc.ec.europa.eu/tmy.html.
The TMY generator has also been implemented as part of the PVGIS online solar radiation and photovoltaic energy estimation tool in the new version 5 of PVGIS:
http://re.jrc.ec.europa.eu/pvg_tools/en/tools.html.
At the time of writing, the web application will produce only TMY data, i.e., one year of hourly climatic data. However, in the future, it will also be possible to download a longer time series of the same climatic quantities.
Data Sources

Solar Radiation Data
Hourly values of global horizontal and direct normal irradiance are available at a spatial resolution of 4 km from the CM SAF collaboration [16] , based on satellite data. The methods and validation are described in Müller et al. [9] and Gracia Amillo et al. [10] . Data are available for an area covering Europe as far north as 62 • 30 N, Africa, parts of South America (to 65 • W) as well as most of Asia to about 115 • E [10] . In addition, the online TMY generator uses data from the National Solar Radiation Database [11] to cover North America to 115 • N and parts of South America. However, these data have not been used in the validation of the method.
The methods for generating TMY data described here should be usable also with solar radiation data from other geostationary satellites.
Local shadows from terrain (hills or mountains) may significantly influence the amount of solar radiation arriving at a given location. In this work, we have used data from the Shuttle Radar Topography Mission (SRTM-3) digital elevation model data [17] to calculate the horizon height around each location and from that calculate the attenuation of the direct solar irradiance [18] .
Ground Station Measurement Data
A large part of the ground station data used for this study has been downloaded from the NOAA Integrated Surface Database (ISD) archive [19] . From the stations available at this site, we selected the stations in Europe for which data are available from 2005 onwards.
The ISD-lite data contain the following quantities:
• Air temperature at 2 m above ground, • Dewpoint temperature at 2 m above ground, • Wind speed at 10 m,
Precipitation and sky cover data not used for the present study.
In addition to the ISD data, we have used ground station data from the German Weather Service DWD, whose data are available at the DWD Climate Data Center:
http://www.dwd.de/EN/climate_environment/cdc/cdc_node.html.
The meteorological quantities used from these data are the same as for the NOAA ISD data except that these data report the relative humidity instead of the dewpoint temperature.
Reanalysis Data
The European Centre for Medium-range Weather Forecast (ECMWF) [14] makes available the "ERA-interim" reanalysis data set [13] . The data have global coverage with a temporal resolution of 3 h and a spatial resolution of 0.75 • latitude/longitude. Among the very large number of physical quantities in the data the ones used for this study are:
• Air temperature at 2 m above ground • Dewpoint temperature at 2 m above ground • Wind speed at 10 m (calculated from the two wind speed components)
Due to the coarse spatial resolution, the temperature data may especially become very inaccurate in areas with large elevation differences. To overcome this problem, we have employed a vertical temperature downscaling procedure (see [20] for a description of the method as well as extensive validation of the uncorrected and corrected ERA-interim air temperature data).
Hourly data are produced from the 3-h ERA-interim data by linear interpolation of each data field.
Input Data Preparation
Selection of Ground Station Data
While the ISD station database contains a very large number of meteorological stations, many of these have large gaps in the time series, making them unsuitable for use as input to building energy performance calculations.
The first step in the selection of ground stations was to require that at least 85,000 values be present for all the necessary fields, out of the 87,648 h in the time period. The only exception to this is that the air pressure allowed for having more missing values since the effect of varying pressure on building energy performance is quite weak.
Data Gap Filling
While the reanalysis data have complete time series, the solar radiation data and the ground station data have cases of missing values. In order to produce a complete data set, some gap-filling must be performed.
Gap Filling of the Solar Radiation Data
For the solar radiation data, a total of 85,079 h were available out of 87,648 or about 97%. Since the solar irradiance values naturally vary strongly during the day, it makes little sense to perform a simple interpolation. The method used to fill the gaps has therefore been chosen as follows: calculate the missing hour as the average of the same hour in the year for all the other years (so, for instance, 23 January 2009 at 4:00 p.m. would be calculated as the average of 23 January at 4:00 p.m. from all the other years).
Gap Filling of the Meteorological Station Data
For the station data, periods with missing data are filled by linear interpolation between the last hour before the gap to the first hour after the gap.
In a few cases, this may lead to an unrealistic time series when the interpolation is performed over a longer time interval. However, in this case, the month that includes this unrealistic interval will almost certainly be excluded by the TMY selection algorithm because the probability density functions of the climatic variables will be far from the normal shape (see Section 3.3).
Construction of Typical Meteorological Years
The procedure to construct Typical Meteorological Years (TMY) follows the ISO 15927-4 [5] standard. For each month in the year, the data are taken from the year calculated as most "typical" for that month. The Standard specifies the method to construct the TMY based on a statistical evaluation of air temperature, relative humidity and solar radiation, with a less important contribution from the wind speed data. A brief summary of the procedure is given here:
• For each of the three quantities (air temperature, relative humidity and solar radiation), calculate the daily means from the hourly values.
•
For each quantity q and each month m, calculate the cumulative distribution function φ(q, m) using all the daily values for all years.
• For each quantity q, each year y and each month m, calculate the cumulative distribution function F(q, m, y) using all the daily values for that year.
For each q, m and y, calculate the Finkelstein-Schafer statistic, summing over the range of the distribution values:
(1)
• For each m and q, rank the the individual months in the multi-year period in order of increasing
For each m and y, add the ranks for the three quantities.
For each m, for the three months with the lowest total ranking, calculate the deviation of the monthly average wind speed from the multi-year mean for that month. The lowest deviation in wind speed is used to select the "best" month to be included in the TMY.
The metric used to assess similarity is the cumulative distribution function for each of the meteorological quantities.
The primary application of the data generated by the method described here is building energy performance calculations, which is also the scope of ISO-15927-4. The ISO-15927-4 method prescribes an equal weight to air temperature, solar radiation, and relative humidity, when selecting the typical months. However, this may not be optimal for all applications. For instance, methods have been developed to generate TMY specifically for solar energy applications [21, 22] .
The Standard is somewhat unclear as to the way the different solar radiation components are to be included in the calculations to construct the TMY. While the quantities to be supplied include both global horizontal and direct normal irradiance, the selection of the typical months is to be based on the "solar radiation", but it is not specified if both components have to be used or with what weighting. In the following, we have used only the global horizontal irradiance component in the construction of the TMY.
The Standard also specifies that the boundaries between the months (8 h at the end of one month and 8 at the beginning of the next) should be smoothed by interpolation. This has been done for all fields except solar radiation where such an interpolation across night hours would not make sense (This choice may have to be revised if the method is used in regions where UTC midnight happens during the daytime).
The output formats of the TMY data files are described in Appendix A.
Validation
The purpose of the validation is to quantify the difference when using reanalysis data instead of station data for the construction of the TMY. Some of the data used in the TMY will in any case be the same. This is the case for the solar radiation components (global horizontal and direct normal irradiance), which are always derived from satellite data because of the scarceness of measured data (even here, the solar radiation data in the TMY data sets may differ because the methods may choose different years when processing the station data or the reanalysis data). In the same way, the thermal (long-wave) infrared irradiance is always taken from the reanalysis data, again because ground station measurements are extremely rare. This means that the comparison will be done based on the difference between station data and reanalysis data in the following quantities:
Wind direction (degrees clockwise from north),
Air pressure (Pa).
Data Sets for the Validation
The data sets used for the validation consist of the ground station data for 490 locations (390 taken from ISD-lite and 100 obtained from DWD) for the time period 2005-2014. For each of the station locations, the same time interval has been used to construct data sets using the reanalysis data. The locations of the ground stations are shown in Figure 1 . The main aim of the validation is to compare the TMY data sets generated with the ground station data against those made with the reanalysis data. However, the generation of the TMY will itself cause a deviation from the results you would get when using the full multi-year data set. For this reason, we will compare the results from four different data sets:
10 years of hourly data using ground station data, 2.
10 years of hourly data using reanalysis data, 3.
TMY data generated using ground station data, 4.
TMY data generated using reanalysis data.
In this list, the first data set will be taken as a reference, and the results using the other data will be compared to this.
Validation Metrics
The input data used to construct the TMY data sets have been validated in a number of studies, as noted in the description in Section 2. For the present study, we have therefore chosen to use as validation the output of calculations using the data sets. The TMY data sets are intended for use in building energy performance calculations. Hence, we have chosen the following two metrics:
• Heating and cooling degree days, • Heating and cooling energy loads for buildings, calculated using a well-known software for simulating building energy performance.
The advantage of this approach is that it informs the user of the data sets about the likely deviations that result from using these data sets instead of other approaches.
Degree Days
Degree days is a rather simple measure of how much heating or cooling will be necessary over a time period consisting of many days. Degree days are used here only as a way to compare different data sets; the precise values will depend on the method used to calculate the degree days. There is no universal standard for how to calculate degree days. We have used the following definitions, which are also used by EUROSTAT [23] :
Heating Degree Days (HDD) are calculated for a given day with average dry-bulb temperature T d as:
The total HDD for a given period is then calculated by summing HDD d of the individual days:
In a similar way, the cooling degree days CDD d are calculated as:
In the following, HDD and CDD will be calculated per year (yearly averages for the long time series and a single value for the TMY).
Simulations with EnergyPlus
Degree days are a rather coarse way of estimating heating/cooling energy requirements. A better way would be to perform an actual simulation of the energy performance of a building in each of the station locations.
To simulate energy performance for buildings, we have used the EnergyPlus software [24] . EnergyPlus is an open-source software funded by the Building Technologies Office of the U.S. Department of Energy. EnergyPlus can calculate heating/cooling loads for buildings given the necessary input building parameters and a climatic data set in the form of a TMY data sets for the given location.
For this study, EnergyPlus (version 8.7) has been used to perform dynamic simulations of heating and cooling for buildings. Two relatively simple building configurations have been used with the climatic data for all 487 locations in order to quantify the difference in the performance estimate using the different data sources.
Since the simulation will have to be performed a few thousand times, simplified models of buildings have been defined and used for the simulations. The primary simplification is that the design consists of a single thermal zone. One design is of a small building (a single family house), composed of two conditioned floors over the ground level and an unconditioned under-ground level.
The surface is about 140 m 2 and the ratio between all dispersing surface and heated/cooled volume (S/V ratio) is 0.7.
The other building design is for a larger building designed for office use. This is a medium-size and highly-glazed building with five floors (of 3 m height each), an S/V ratio of 0.33 and a net heated area of 2400 m 2 . Because of the larger solar and internal gains, this model is exposed to greater energy demand for cooling compared to the house.
The models used represent typical existing buildings built in 1960-1970s, with an uninsulated envelope (U-values of opaque elements between 1.2 and 1.7 W/(m 2 K)) and simple double-pane windows (U-value of 3.0 W/(m 2 K)).
The main other characteristics involved on the simulation task are given in Table 1 . The layouts of the building models are shown in Figures 2 and 3 . The output of the EnergyPlus calculation consists of the hourly total energy needs for space heating and cooling, for sensible and latent energy loads. For the purposes of validation, only the yearly total heating and cooling energy demand will be considered.
Statistical Quantities
For each station, there will be a difference between the calculations performed with the full time series of the station data and the calculations using the other data sets. The following summary statistics will be performed: let HDD s,i be the heating degree days for the i-th station location using the full station data set, HDD r,i using the full reanalysis data, HDD sTMY,i using the station derived TMY data set, and HDD rTMY,i calculated from the reanalysis-based TMY data. Then, we can calculate the Mean Absolute Deviation (MAD) between, say, HDD from station TMY data and HDD from full station data as:
Similarly, the standard deviation can be calculated as:
The statistics of differences between other combinations of data sets are calculated in a similar way. For instance, the MAD between HDD calculated with station data and ERA data can be expressed as:
Validation Results
In the end, there will be four quantities to examine:
•
Heating degree days HDD (-), •
Cooling degree days CDD (-), • Heating energy requirements (kWh/m 2 ) for each building, • Cooling energy requirements (kWh/m 2 ) for each building.
The comparisons using Equations (5) and (6) will be done for the following pairs of data sets:
• Full reanalysis data set against full station data set, • Station-based TMY against full station data set,
• Reanalysis-based TMY against full station data set, • Reanalysis-based TMY against station-based TMY.
Degree Days
The summary statistics for the degree days calculation are shown in Table 2 .
Since a large number of stations in the sample have low values of cooling degree days, the statistics for these quantities have not been done on all stations. For CDD, only stations with CDD > 50 have been used for the statistics, which leaves 99 stations for the analysis. 
Energy Consumption, Single Family House
The statistics for the single-family house energy consumption are given in Table 3 .
Since a large number of stations in the sample have low values of cooling energy requirements, the statistics for these quantities have not been done on all stations. For the cooling energy consumption, stations have been included if the annual cooling energy consumption is E c > 2 kWh/m 2 . This criterion is satisfied by 101 stations. The pattern of results is quite similar between the degree days calculation and the energy consumption estimates. For heating and HDD, the deviations found when comparing the full station data with the full ERA data set are slightly smaller than the deviations between full station data and station TMY data, though the difference is not statistically significant (F-distribution test). For cooling, the smallest deviation is seen when comparing the full station data to the station-based TMY, while the comparison of full station against full ERA data yields deviations that are somewhat larger (statistically significant at >99%). The deviation between the full station data and the ERA TMY is somewhat larger again, while the largest deviation is found between station-based TMY and ERA TMY.
The statistical measures shown above do not give an indication of any geographical variation in the deviations. To show this, we have plotted the the difference in energy consumption estimates between the full ERA and full station data sets (Figure 4) , and the difference when using the station-based TMY and full station data ( Figure 5 ). Interestingly, the full ERA-based data performs better than the station TMY in many areas including large parts of Central Europe. On the other hand, there are a number of locations where the deviation is large. The number of these locations is rather low and therefore it is difficult to identify a clear pattern.
The comparison between the ERA-based TMY and the station TMY is shown in Figure 6 for both heating and cooling. Since the cooling requirements for the single-family house are much lower than the heating requirements in nearly all areas, it is not surprising that also the deviations are much smaller. The map of differences in the heating requirements shows a similar pattern to those of Figure 4 , but the differences are generally larger, in agreement with the results shown in Table 3 .
The maps in Figures 4-6 show the absolute difference between the different energy consumption calculations. For illustration, we have also plotted the relative differences in Figure 7 corresponding to Figure 4 (difference between full ERA and full station data). The map shows that, while the absolute differences do not show a strong geographical pattern, the relative differences tend to be larger in the south. This is not surprising, since the overall heating loads in these areas are low, so any uncertainty will tend to inflate the relative differences. The maps in Figures 4-7 show that the deviations when using the TMY data can be quite large in some locations while other locations have very small deviations. In order to study the reasons for this variation, we have calculated the probability density function (PDF) for air temperature for two locations: one in western France (45.683 N, 0.318 W), and one on the coast of Cyprus (34.875 N, 33.625 E). The former has low relative difference in calculated heating loads (+3.5%), while the latter shows a large relative difference in heating load (−20.5%) (comparing station TMY to ERA TMY). The plots in Figure 8 show the PDF for the full station data, the station-based TMY, and the ERA-based TMY.
For the case with low deviation in heating loads, there is no really clear pattern in the differences between the PDFs of the full station data and the two TMY data sets, though the ERA-based TMY tends to slightly underestimate the probability of high temperatures. On the other hand, the case from Cyprus shows a quite strong underestimation of the probabilities of both very low and very high temperatures in the ERA-based TMY. This leads to underestimating both heating and cooling loads for this location. This site is on the coastline of the Mediterranean, where there tends to be large temperature differences between land and sea, with the sea being warmer than land in winter and colder than land in summer. Another way to compare the probability density functions of the data is to look at the Kolmogorov-Smirnov (KS) statistics. We have calculated the KS-statistic of air temperature for each station location comparing the full 10-year time series of station data with the corresponding 10-year reanalysis data. In order to compare these results with the energy consumption calculations from EnergyPlus, we have looked only at the three winter months December-January-February, and compared these with the heating requirements. Figure 9 shows the difference in heating requirements (using 10-year reanalysis versus the 10-year station data) against the KS-statistic for each location. . Deviation in heating requirement calculation between 10-year reanalysis and station data, plotted against the Kolmogorov-Smirnov statistic for air temperature using the winter months (December-January-February) of the 10-year reanalysis and station data.
For most stations, the KS-statistic value lies between 0.15 and 0.25, and the heating requirement difference shows both negative and positive values in this range. For larger KS values, the difference tends to be negative (heating underestimated when using reanalysis data), but it is difficult to make any firm conclusions from these results. Some of the largest differences in the heating requirements calculation occur when the KS statistic has relatively small values.
Validation Results, Office Building
For this building configuration, we have compared only the station TMY against the ERA TMY results. Again, here we show the average and the statistical measures per m 2 . The results are given in Table 4 . In this case, nearly all cases (451 out of 487) had a cooling load greater than 2 kWh/m 2 ,
and, therefore, all sites have been kept in the statistical treatment. The differences have been plotted in Figure 10 . Compared to the single-household building, the heating requirements per m 2 are considerably lower, but, on the other hand, the cooling requirements are higher and, at nearly all sites, some cooling is needed.
The maps in Figures 6-10 show that, while most sites show only small differences in heating or cooling loads, there are a few sites that show large deviations. There are some indications from the maps that several of the sites with large deviations in cooling loads are located close to the sea, especially in Southern Europe. A possible reason for these deviations could be that the ERA data used inland close to the coast actually represent areas over the sea, where the temperature can be quite different from land temperatures. The downscaling procedure for the temperature may not always be sufficient to account for this effect. Figure 11 presents a comparison between the station-based TMY and the ERA-based TMY results as scatterplots of the deviation between EnergyPlus calculation results using the two sets of TMY data. The results are shown for the two building configurations (house and office building), for both heating and cooling. The plots show larger scatter for the cooling loads than for heating. In particular for the single-family house, the cooling loads show a very large scatter, which however is related to the fact that the overall cooling energy requirements are low.
Additional Comparisons, Single-Family House
For the calculations using the single-family house configuration, we performed two extra sets of calculations:
•
The reanalysis have data only at 3-h intervals, which are then interpolated linearly to hourly values. This may introduce errors in the calculation. To investigate this, we constructed new 10-year data sets from the station data by removing 2 out of every 3 h and replacing the data with interpolated values. These data were then used to calculate the energy performance using the full 10 years of data.
The TMY data generated with the method described in this paper are meant to be used instead of the existing station-based data. However, the comparison done so far is not completely fair in the sense that the station data available will almost certainly not be available for the exact site needed by the user, who would then have to choose a data set from a different location, maybe the nearest one to the site of interest. To get an idea of the uncertainty caused by this, we have made a comparison of results from a given station with those of the nearest neighbour.
Since some neighbouring stations may be unrepresentative due to large differences in elevation, we have restricted the comparison to station pairs with less than 300 m elevation difference, leaving 443 stations in the analysis of heating and 99 stations for cooling.
The summary statistics of these two calculations are shown in Table 5 . The differences that arise from using interpolated 3-h values instead of the hourly values present in the station data are very small compared to the differences shown in Table 3 between using station and reanalysis data, or the differences between using full 10 year data and the TMY data. On the other hand, comparing stations with the nearest neighbours yields differences in calculated heating and cooling that are similar in magnitude to the results shown in Table 3 .
Conclusions
We have presented a method for generating Typical Meteorological Year (TMY) data from satellite-based solar radiation data and climatic parameters obtained from reanalysis data. The advantage of this method is that it can provide data for any location in areas of continental scale. At present, the method can generate data for Europe, Africa, most of Asia and most of the Americas.
To validate the method for generating TMY data, we have made calculations of building heating and cooling requirements using the free EnergyPlus software. We compared the results from TMY data using the new method with TMY data obtained from meteorological station measurements, and with calculations using 10 years of data from the stations and the new method.
Results show that the process of constructing the TMY introduces an uncertainty in the heating energy requirements that is of the order of 6% (1 standard deviation), which is slightly higher than the deviations found when comparing the new method with a full 10-year time series against station data with the same period. When comparing the results of TMY data using either the new method or the station data, the deviations are larger, with a standard deviation of more than 9%. Cooling requirements have lower absolute deviations but much higher relative deviations because the cooling energy requirements are low in the cases we have studied.
When studying the spatial distribution of the deviations, we have found that the method works well in most areas, but there are a number of locations where there are large deviations. For cooling loads, some of the larger deviations appear in locations on the Mediterranean coastline. A likely reason for the low accuracy in these areas is the low spatial resolution of the reanalysis data, even with the vertical downscaling of the dry-bulb temperature.
It should be noted that, while the TMY data generated using the presented method give somewhat different results from those obtained with the station data, this does not give a complete picture of the proposed new method. In realistic use cases, the calculations of building performance will be made not for locations that are precisely those of the measurement stations but at some distance from the nearest station, which in some regions can be quite large. The station data will therefore not be fully representative of the actual locations. Furthermore, many TMY data sets will not include measured solar radiation data, which will therefore have to be modelled. In such cases, our method will have the advantage of more accurate solar radiation estimates, in particular in areas with shadowing from nearby terrain features.
It is somewhat surprising that the deviations that arise just from constructing the TMY are higher than the deviations between the station-based data and the new method when using the full time series. This suggests that it might be better to use longer time series for the calculations instead of relying on TMY data. The concept of the TMY was developed more than 30 years ago, and since then the speed of computers has increased more than tenfold. It should therefore now be possible to do calculations using long (10+ years) time series and still get the results faster than when the use of the TMY was first defined.
One aspect of climatic data that has not been addressed in this work is the use for sizing of heating and cooling systems. Calculations of the heating and cooling power will depend more on extremes of heat and cold than on the average conditions. This may also be affected both by the choice of data source and by the process of constructing the TMY. Indeed, the TMY selection may actively suppress extremes of heat and cold. We plan to study this aspect of the TMY generation in a subsequent work.
The validation results have shown that the method has low accuracy in some areas, likely in areas where the air temperature varies strongly over relatively short distances. Here, it is interesting that a number of new data sets are becoming available with higher spatial resolution. The next generation of ECMWF Reanalyis data is the ERA-5 data set of which a subset has been made available during 2017, with a longer time series due in 2018. This data set has a considerably higher spatial resolution of 31 km (compared to 79 km for ERA-Interim) and has hourly time resolution instead of the 3-h time resolution of ERA-Interim, making it unnecessary to perform interpolation.
Another new reanalysis product is the COSMO-REA [25] , which covers Europe at hourly time resolution and a spatial resolution of 6 km. At the time of writing (January 2018), the main data fields have just been released. The data are available at:
ftp://ftp-cdc.dwd.de/pub/REA/.
When these data sets become fully available, it should be investigated whether they give a significant improvement in the accuracy of the energy performance calculations. Given the higher spatial resolution, it is of particular interest to see whether the results improve in coastal areas where some stations showed high MAD values for the ERA-interim based TMY data. The higher temporal resolution may also help reduce uncertainties since these new data sets should give a better estimate of the daily temperature extremes.
A weakness of the existing data sets from a European perspective is that the solar radiation data at the moment do not extend north of 62 • 30 N. This leaves a significant part of the Nordic Countries without data coverage. Given the limitations of geostationary satellite data to cover areas of high latitude, other options must be sought. Reanalysis data sets have been investigated as a source of solar radiation data, but so far the results have not been encouraging [26] . However, here again the new ERA-5 and COSMO-REA data sets may be of interest. One possibility is to combine these data sets with the CM SAF CLARA data set [27] , which has worldwide coverage thanks to the use of polar orbiting satellites. The disadvantage of CLARA is that the spatial resolution is relatively low (15 lat/lon), that only daily values are available, and there is a lack of direct solar radiation data. On the other hand, CLARA seems to have a lower bias than the existing reanalysis data [28] . It might be possible to correct the Reanalyis data sets for bias using CLARA and in this way maintain the temporal resolution of the Reanalyis data. If this is possible, it would make data available in areas not currently covered by high-resolution solar radiation data.
